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Abstract 
In spectral color reproduction, The clue leading to the estimated colorants is the eigenvectors determined from the 
corresponding spectral measurements. But the numbers of important eigenvectors are inconsistent with the numbers 
of mixed basic colorants. The article establish a linear colorant mixing space based on Kubleka-Munk turbid media 
theory, we can get eigenvectors whose numbers are consistent with real basic colorants 
© 2011 Published by Elsevier Ltd. 
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1. Introduction
The traditional color reproduction is implemented on the basis of three primary colors. Therefore, not
only the freedom of the color overlap is limited, but also it’s affected by the standard observer and the 
light source when indicating the color in color coding method. It is a metamerism reproduction 
technology that the corresponding spectrum to the same visual color (the X,Y,Z tristimulus values are 
absolute same) may be completely different[1]. To dispel the metamerism effects, the spectral color 
reproduction technology must be used. It’s a multi-primary color imaging method which can improve the 
freedom of the color overlap thus to enlarge the color reproduction area. The more important is for the 
specific color the spectral reflectance or transmittance is unique under any conditions, thus the 
metamerism degree is the minimum[2].  
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In order to realize the ideal spectral matching, first of all, we must determine a group of basic color 
components according to the reproduction object to represent and reproduce the original color in the 
spectral space. That’s to say, the spectral information of the original image can be reconstructed precisely 
with the linear combination of the predict factors of the linear color mixing space. The only clue for the 
predict factors mentioned above is the set of eigenvectors got through the analysis of the principle 
component according to the relative spectral measurement data[3]. 
In the practical application, the number of the basic colorants used in the color composition is usually 
restricted. Therefore, for the colorant mixing color space, the number of the eigenvectors must be ensured 
to be the same as the number of the basic colorants. In the former research, researchers performed PCA in 
the spectral reflectance of the sample color, which means the colorant color mixing space is the spectral 
reflectance space. But one problem comes, The derived important dimensions (basic vectors) are over the 
physical colorant number required by the sample color itself. For example, a photographic system 
requires more than three dimensions for spectral reconstruction. However, only three known dyes are 
needed for the photographic materials. Obviously, to perform PCA in the spectral reflectance space of 
photograph is not the best way to combine the colors.  For all the other types coloring system, printing, 
painting, decomposing and combining the color in the spectral reflectance space with PCA is not the best 
too. To make the number of derived important vectors same as the physical colorants, the spectral 
reflectance space must be transferred to other linear space by mathematical conversion and perform PCA 
in the new space to ensure eigenvectors be the same as the colorant number. Based on this, in this paper, 
we put forward that on the basis of the kubelka-munk turbid media theory the spectral reflectance space 
should be transferred to the spectral absorption space to find the eigenvectors consistent with the real 
basic colorant number. 
2. The Principle of the Spectral Reflectance Linear Presentation 
Assuming objects are measured within the visible spectrum between 400 nm to 700 nm at 10nm 
intervals, every measured sample is a vector of thirty-one components. thus a measured sample is thirty-
one dimensional vector. If there are m samples, they can construct a 31 x m matrix. In an ideal situation, 
thirty-one colorants with narrowband spectum are needed for spectral color reproduction. But it’s not 
practical which true physical colorants with such narrowband spectrum don’t exist and reproduction 
technology can’t realize with 31 colorants. Due to the property of the manual and natural colorants, the 
spectral reflectance is usually the smooth curve. The narrowband or very steep curves are rarely [4,5] . 
Therefore, each adjacent dimensions of the sample color are highly relevant. The 31-dimensions spectral 
data are often overlapping and redundancy. From the point of view of the linear algebra, the related rows 
or columns do consist in these data matrixes. Therefore, we must process and refine them to extract the 
meaningful and independent variables, then use these less variables to represent the spectrum thus to 
reduce the dimensions. 
Supposing a N-dimensions spectral reflectance factor R, the R=( 1r , 2r , 3r ，…， nr )T(the superscript 
T denotes transposition). Because the freedom of R is less than N, the approximate value of R R

 is linear 
combination of the p N-dimensions unit basic vectors ie  (1≤i≤p) that is orthogonal to each other. That is: 
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322  Song-hua He and Zhen Liu / Procedia Engineering 23 (2011) 320 – 325 Song-hua He / Procedia Engineering 00 (2011) 000–000 3
The ie  is eigenvectors. F=( 1e , 2e , 3e  ,…, pe ), iα  is the corresponding weight coefficient to the ith 
vector, Tn， ),,,( 321 ααααα …= 。 
Generally, the most common method for the basic vector calculation is PCA. PCA is 
a multivariate statistics to deal with, compress and extract the data based covariance 
matrix. And reduce the dimensions by dispelling the linear dependence of the input 
random vectors and ignoring the unimportant change directions [6,7]. The basis vectors 
after the reducing are also named eigenvectors. Therefore, PCA is also named 
eigenvector analysis. PCA works very well in the data compressing and the 
dependences dispelling. It’s widely used in the feature extraction of the faces and 
number plates. In recent years, some researchers use the PCA in the color science. [5,8] 
For a n*m matrix of spectral reflectance, n is the dimension, m is the number of the 
samples. The sample covariance matrix of size n x n is calculated as: 
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R is spectal reflectance mean of m samples, in order to calculate eigenvalues and eigenvectors of the 
covariance matrix G, singular-value decomposition is made on zero mean matrix X, , the principle 
formula is: 
],,,[ 21 RRRRRRX m −⋅⋅⋅−−=                                                                                                (3) 
TUSVX =                                                                                                                                        (4) 
The U is eigenvectors of the TXX . That’s eigenvectors of the covariance matrix G. V is the 
eigenvectors of the XX T . S is the diagonal matrix which has the same dimensions as the matrix X. The 
values of the diagonal lines are the square root of eigenvalues of the TXX and XX T . 
If the cumulative Percent Variance of the front p eigenvectors is large enough, the spectral reflectance 
can be regarded as the linear combination of the front p eigenvectors. The cumulative Percent Variance 
can be indicated as: 
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After determining the required number of eigenvectors according to the cumulative Percent Variance 
of eigenvectors, calculate the corresponding coefficient iα , then reconstruct the spectral value according 
to Eq. 1. The parameters for evaluating the error between the reconstruction reflectance R

 and the real 
reflectance R are root mean square error (RMSE) and CIELAB color difference 
3. kubelka-munk turbid media Theory 
It has been proved that the ratio of the absorption coefficient and scattering coefficient is 
approximately linear with respect to concentration. Colorant formation can be performed by linear 
combinations of λ)/( sk [7,8], That is: 
∑
=
=
n
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iimixture skcSK
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,, )/()/( λλ                                                                                                      (6) 
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Where c is the concentration. k and s is the absorption and scattering coefficient of a colorant 
normalized to unit concentration. We can find that λ)/( sk  has the advantageous linear property with 
respect to concentration. The absorption and scattering properties of materials also provide a useful 
platform to perform color analysis. 
According to the Kubelka–Munk formulation, the reflectance factor is a function of the absorption, K, 
and scattering, S, ratio. The Kubelka–Munk equations relating reflectance factor, λR , and the ratio, 
λ)/( SK : 
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Here SKa /1+= ， 2/12 )1( −= ab . X is the layer thickness, and gR ,λ  is the substrate reflectance. 
for opaque materials are given by Eq. 8 
λλλλ )/(2)/()/(1
2 SKSKSKR +−+=                                                                             (8) 
For transparent layer in optical contact with a highly scattering support ,such as the photographic 
paper ,the scattering of the colorant layer is ideally zero. The Eq. 8 can be simplified as: 
KX
g
S
eRRR 2,0
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== λ                                                                                                                    (9) 
Suppose the thickness of the dye layer is unit 1, the Eq. 9 can be further simplified as: 
)ln(5.0
gR
R
K −=                                                                                                                           (10) 
4. The Experimental Results and Analysis  
In the experiment, we measure the kodak Q60C IT8.7/2 reflection target with the Gretag spectraeye. 
The IT8.7/2 reflection target is made of photographic paper. Then we know that the color of every color 
lump is formed by the combination of three dyes. Measure the spectral reflectance of the color target 
firstly, and transfer it into to the absorption space. Then perform PCA in those two spaces. 
Table 1 The percent variance by eigenvector analysis in both reflectance and absorption space of IT8.7/2 reflection target 
The ith 
eigenvector 
reflectance space absorption space 
Eigenvalue Percent 
Variance%
Cumulative 
Percent 
Variance %
Eigenvalue Percent 
Variance%
Cumulative 
Percent 
Variance % 
1 346.4028 80.89 80.89 2182.4862 79.10 79.10 
2 58.7085 13.71 94.60 373.1891 13.53 92.63 
3 20.8555 4.87 99.47 201.8750 07.32 99.95 
4 1.0738 0.25 99.72 0.6961 00.03 99.97 
5 0.5296 0.12 99.85 0.4217 0.02 99.99 
We can find obviously from table 1 that the cumulative percent variance reaches 99.85% in the 
spectral reflectance space when reconstructs the spectra with five eigenvectors. However the cumulative 
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percent variance reaches 99.95% in the absorption space with only three eigenvectors to reconstruct the 
spectra. And when reconstruct the spectra with five eigenvectors the cumulative percent variance is nearly 
100%. 
Next let’s analyze the performance of spectral accuracy and colorimetric accuracy when reconstruct 
the spectra in those two spaces. We use the RMS error to evaluate the spectral reconstruction accuracy 
and CIELAB1976  color difference formula for colorimetric accuracy. We take the D50 standard color 
source and CIE1931 color matching functions as standard observers to calculate the color difference. We 
can also find that the spectral accuracy and the colorimetric accuracy after being reconstructed with three 
eigenvectors in the absorption space are much better than the ones of the spectra reconstructed with five 
eigenvectors in the reflectance space. 
Table 2 The comparison of the RMS errors between the spectral reflectance space and absorption space 
RMS errors 
Number of 
eigenvectors 
spectral reflection space absorption coefficient space 
min max mean min max mean 
1 0.0186 0.2832 0.0973 0.0014 0.3839 0.0900 
2 0.0186 0.2069 0.0617 0.0009 0.2767 0.0477 
3 0.0178 0.0707 0.0405 0.0005 0.0262 0.0102 
4 0.0127 0.0617 0.0324 0.0003 0.0289 0.0062 
5 0.0062 0.0271 0.0145 0.0002 0.0160 0.0043 
Table 3 The comparison of the color difference between the spectral reflectance space and t the absorption space 
CIELAB abEΔ  
Number of 
eigenvectors 
Spectral reflection space absorption space 
min max mean min max mean 
1 4.27 1118.78 355.27 2.85 1112.44 352.26 
2 1.52 295.42 62.50 1.02 379.44 60.86 
3 6.78 1112.52 345.82 0.08 11.33 3.71 
4 0.82 18.16 4.93 0.02 11.33 2.70 
5 0.51 19.70 5.39 0.03 7.67 2.06 
 
We can find from the table 1and table 2 RMS errors and the min, max and average value of the color 
difference after reconstruction with three eigenvectors in the absorption space are better than the 
performances after reconstruction with five eigenvectors in the reflectance space. 
From the above, we can find through the comparison analysis of the cumulative percent variances, the 
spectral accuracy and colorimetric accuracy that the required eigenvectors are greatly reduced when the 
spectral values are transferred from the spectral reflectance space into the absorption coefficient space. 
And we also know that the Kodak Q60C IT8.7/2 color target is made of photographic paper. Then the 
sample color is formed by the combination of three dyes. The linear space of the colorant mixed is three-
dimension of cause. But if we search the physical colorant number only by the analyzing eigenvectors in 
the spectral reflectance space, the table I will verify that the results don’t meet with the practice. But if we 
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transfer the spectral values from the spectral reflectance space into the absorption space, we will find that 
the number of the reconstruction eigenvectors is in consistence with the actual colorants. 
5. Conclusion 
In this paper, we transfer the spectral reflectance space into the spectral absorption space with the 
kubelka-munk turbid media theory. Then perform PCA in the absorption space and compare the 
accumulative percent variance, the spectral reconstruction accuracy and the colorimetric accuracy in two 
spaces. We finally find that we can get eigenvectors whose number is in consistence with the actual basic 
colorants in the spectral absorption space. Thus it will build up a solid foundation for the further analysis 
of spectral data of the real physical colorants.  
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